Article focus {#section5-2046-3758.610.BJR-2017-0113.R1}
=============

-   The genetic predisposition of osteoporosis is poorly understood. Integrating the information from the genome-wide association studies (GWAS) of bone mineral density (BMD) with expression of quantitative trait loci (eQTLs) and methylation quantitative trait loci (meQTLs) data, however, may provide a novel insight into the mechanism of osteoporosis.

Key messages {#section6-2046-3758.610.BJR-2017-0113.R1}
============

-   Integration of GWAS and eQTLs (meQTLs) data identified multiple pathways associated with BMD.

-   Many pathways were associated with BMD in more than one region, including the Reactome Circadian Clock insulin-like growth factor receptor binding.

Strengths and limitations {#section7-2046-3758.610.BJR-2017-0113.R1}
=========================

-   Strength: Our new analysis framework can provide more biological interpretable results by integrating eQTL and meQTL data.

-   Strength: The method can be applied to widely existed, publicly available GWAS summary data.

-   Limitation: Further eQTL and meQTL data are warranted to provide more tissue-specific exploration of GWAS results.

Introduction {#section8-2046-3758.610.BJR-2017-0113.R1}
============

Bone mineral density (BMD) is the most commonly used indicator for assessing the risk of a fracture from osteoporosis. It has been estimated that genetic factors contribute to over half of the risk of low BMD, suggesting that BMD is a highly inherited phenotype.^[@bibr1-2046-3758.610.BJR-2017-0113.R1],[@bibr2-2046-3758.610.BJR-2017-0113.R1]^ Genome-wide association studies (GWAS) are capable of simultaneously assessing the correlation between target phenotypes and millions of genetic loci. GWAS of osteoporosis and BMD have successfully identified multiple susceptibility genes.^[@bibr1-2046-3758.610.BJR-2017-0113.R1],[@bibr2-2046-3758.610.BJR-2017-0113.R1]^ However, isolated susceptibility genes are often difficult to interpret biologically and have largely been neglected.

GWAS have limited power to detect the causal loci with moderate or weak genetic effects, due to their genome-wide threshold of strict statistical significance.^[@bibr3-2046-3758.610.BJR-2017-0113.R1]^ Since individual genes can participate in multiple cellular processes, identifying several disease-associated genes is insufficient when used for revealing the pathogenesis of complex human diseases. A better solution, therefore, is to test the associations between target diseases and multiple functionally related loci, or biological pathways, simultaneously. Inspired by the gene set enrichment analysis (GSEA) of microarray data, GWAS-based pathway association analysis has been proposed and applied in several studies of GWAS.^[@bibr3-2046-3758.610.BJR-2017-0113.R1]-[@bibr6-2046-3758.610.BJR-2017-0113.R1]^ By integrating GWAS results with known gene set annotation databases, GWAS-based pathway association analysis has been shown to perform better in clarifying GWAS results.^[@bibr7-2046-3758.610.BJR-2017-0113.R1]^ However, traditional pathway association analysis does not usually take into account the genetic effect of eQTLs and meQTLs.

A large proportion of genetic variants affect the phenotypes by causal regulatory effect rather than by directly influencing the protein structure.^[@bibr8-2046-3758.610.BJR-2017-0113.R1]^ For instance, it has been demonstrated that eQTLs and meQTLs play important roles in the pathogenesis of complex human diseases.^[@bibr8-2046-3758.610.BJR-2017-0113.R1],[@bibr9-2046-3758.610.BJR-2017-0113.R1]^ A genome-wide meQTLs dataset has been used for next-generation sequencing to assay blood DNA methylation at approximately 4.5 million loci, and for testing their associations with about 4.5 million single-nucleotide polymorphisms (SNPs).^[@bibr9-2046-3758.610.BJR-2017-0113.R1]^ Recently, Zhu et al^[@bibr8-2046-3758.610.BJR-2017-0113.R1]^ proposed using summary data-based Mendelian randomisation (SMR) analysis to study this problem. SMR can integrate GWAS and genome-wide eQTLs datasets to identify causal genes, the expression of which is associated with target diseases.^[@bibr8-2046-3758.610.BJR-2017-0113.R1]^ SMR was applied to five real GWAS datasets and identified multiple novel susceptibility genes for complex human diseases, demonstrating the power for integrating eQTLs datasets with GWAS in genetic analysis. Integrating the genome-wide eQTLs and meQTLs dataset in GWAS analysis could therefore provide novel clues for clarifying the genetic mechanism of BMD. However, Zhu et al^[@bibr8-2046-3758.610.BJR-2017-0113.R1]^ mainly focused on single gene mapping, while GWAS-based pathway association analysis, evaluating eQTLs and meQTLs, has more potential to discover BMD associated gene sets.

In this study, we integrated the Genetic Factors for Osteoporosis Consortium (GEFOS) GWAS of BMD with the genome-wide eQTLs and meQTLs data sets, in order to scan for possible BMD-associated gene sets. We first computed the gene score by SMR software and meQTLs, which were aligned with the GWAS results. The GSEA algorithm was then applied to the gene score to scan for BMD-associated gene sets. This novel method involved identifying significant pathways with the aid of prior data sets so that the results reflected real biological circumstances.

Materials and Methods {#section9-2046-3758.610.BJR-2017-0113.R1}
=====================

Gene score calculation {#section10-2046-3758.610.BJR-2017-0113.R1}
----------------------

GWAS of BMD were integrated with eQTLs and meQTLs data before conducting pathway association analysis. A detailed description of the GWAS, eQTLs, and meQTLs data is presented as supplementary information. To integrate eQTLs with GWAS, SMR (an eQTLs-based GWAS analytical approach) was adopted to perform single-gene expression association analysis for BMD.^[@bibr8-2046-3758.610.BJR-2017-0113.R1]^ SMR used disease related GWAS and eQTLs data to evaluate the effect of gene expression on phenotypes. The effect size of the most significant SNP in the SMR test was denoted as the gene score in eQTL-based gene score calculation.

For meQTLs-based gene score calculation, meQTLs were eliminated without gene annotation from a total of 386 767 meQTLs. The BMD GWAS SNPs were then aligned with the significant meQTLs (meQTLs p \< 4.05 × 10^-5^, corresponding to false discovery rate (FDR) \< 0.01), in order to identify those that overlapped. The largest GWAS statistic of the meQTLs was denoted within each gene as its gene scores for subsequent analysis.

Gene set enrichment analysis {#section11-2046-3758.610.BJR-2017-0113.R1}
----------------------------

The GWAS-based GSEA algorithm was adopted for this study.^[@bibr3-2046-3758.610.BJR-2017-0113.R1],[@bibr10-2046-3758.610.BJR-2017-0113.R1]^ The latest gene set annotation database, the Molecular Signatures Database (MSigDB, Version 5.1, Broad Institute, Cambridge, Massachusetts), containing a total of 13 311 annotated gene sets, was downloaded from a publicly available database (<http://software.broadinstitute.org/gsea/msigdb/index.jsp>).^[@bibr11-2046-3758.610.BJR-2017-0113.R1]^ A total of 5000 permutations were conducted to calculate the p-value of each gene set.

Results {#section12-2046-3758.610.BJR-2017-0113.R1}
=======

We found multiple eQTLs-based pathways for BMD, some of which showed significant associations in more than one organ. Within each region, several pathways achieved significance ([Fig. 1](#fig1-2046-3758.610.BJR-2017-0113.R1){ref-type="fig"}). In more than one region, a total of 181 gene sets were found to be significantly associated with BMD. Analogously, for meQTLs-based results, a total of 114 gene sets were identified that also achieved significance in more than one region ([Table I](#table1-2046-3758.610.BJR-2017-0113.R1){ref-type="table"}, Supplementary Tables i and ii).

![Summary of the expression of eQTL-based and meQTL-based pathway association analysis. Different pathways were associated with BMD in different regions (FN, femoral neck; LS, lumbar spine; FA, forearm).](bonejointres-06-572-g001){#fig1-2046-3758.610.BJR-2017-0113.R1}

###### 

Gene sets that achieved significance in all three regions.

  Pathway name                                                             p-value^[\*](#table-fn1-2046-3758.610.BJR-2017-0113.R1){ref-type="table-fn"}^              
  ------------------------------------------------------------------------ ------------------------------------------------------------------------------- ---------- ----------
  Expression quantitative trait loci (eQTL)-based results                                                                                                             
  GSE17721 PAM3CSK4 *vs* CPG 12H BMDM up                                   0.028                                                                           0.038      \< 0.001
  GSE5589 IL6 KO *vs* IL10 KO LPS and IL10 Stim macrophage 45 minutes up   0.036                                                                           0.043      0.002
  Module 195                                                               0.042                                                                           0.011      0.017
  Module 480                                                               0.014                                                                           0.005      0.014
  NABA ECM glycoproteins                                                   0.049                                                                           0.041      0.028
  KEGG pathways in cancer                                                  0.049                                                                           0.038      0.008
  GSE14769 unstim *vs* 60 minutes LPS BMDM up                              0.020                                                                           0.008      0.021
  YTTCCNNNGGAMR unknown                                                    0.037                                                                           0.002      0.032
  Darwiche papilloma risk high up                                          0.040                                                                           0.001      0.038
  GUO hex targets DN                                                       0.047                                                                           0.045      0.024
  Module 427                                                               0.047                                                                           0.001      0.003
  Module 279                                                               0.039                                                                           \< 0.001   0.003
  Methylation quantitative trait loci (meQTL)-based results                                                                                                           
  Chang cycling genes                                                      0.038                                                                           0.010      0.009
  GNF2 KISS1                                                               0.043                                                                           0.049      0.013
  GNF2 MMP11                                                               0.032                                                                           0.043      0.013
  chr6q14                                                                  0.026                                                                           0.006      0.030

Kolmogorov-Smirnov running sum statistics was used and p-values were decided based on permutation^[@bibr3-2046-3758.610.BJR-2017-0113.R1]^

The results included multiple pathways with a known biological relevance to BMD, such as Reactome Circadian Clock (p \< 0.001 for lumbar spine and 0.027 for femoral neck, respectively, in eQTLs-based GSEA) and insulin-like growth factor (IGF) receptor binding (p \< 0.001 for femoral neck BMD and 0.026 for lumbar spine BMD, respectively, in meQTLs-based GSEA).

Discussion {#section13-2046-3758.610.BJR-2017-0113.R1}
==========

Multiple GWAS studies have been conducted using considerable sample sizes,^1,2,12-14^ yet the overall results have only partly explained the genetic variance for BMD. This implies that the commonly used GWAS analytical strategy lacks the power to interpret the large quantity of information available within the GWAS datasets.^[@bibr15-2046-3758.610.BJR-2017-0113.R1]^ To study the genetic background of bone metabolism further and to make full use of the existing large amounts of BMD GWAS data, we have conducted a re-investigation of previous results by integrating genome- and transcriptome- /epitome- level data, and have identified several gene sets associated with BMD.

Our eQTLs-based pathway association analysis also identified an interesting gene set, namely the Reactome Circadian Clock, which we found to be significantly associated with BMD in the regions of the femoral neck and lumbar spine. The role of the circadian clock in bone physiology and pathology has been characterised in many studies. Histological studies have identified the existence of circadian rhythm in both bone formation and resorption.^[@bibr16-2046-3758.610.BJR-2017-0113.R1],[@bibr17-2046-3758.610.BJR-2017-0113.R1]^ Biochemical parameters of bone remodelling have been shown to have a clear circadian pattern.^[@bibr18-2046-3758.610.BJR-2017-0113.R1],[@bibr19-2046-3758.610.BJR-2017-0113.R1]^ Moreover, functional studies have revealed that genes involved in mineral deposition also behave in a circadian fashion.^[@bibr20-2046-3758.610.BJR-2017-0113.R1]^ An animal experiment reported that a deficiency of the circadian clock protein BMAL1 in mice resulted in a low bone mass phenotype.^[@bibr21-2046-3758.610.BJR-2017-0113.R1]^ Epidemiological studies have found that individuals undertaking shift work developed circadian disruption, resulting in lower BMD and an increased risk of osteoporosis.^[@bibr22-2046-3758.610.BJR-2017-0113.R1]^ These findings have all demonstrated a relationship between the circadian clock and BMD. Our study suggests that the circadian clock may affect the mineral metabolism of human bones by using the eQTLs effect.

Another typical gene set was the IGF receptor binding. This small gene set contains several other genes that interact selectively with the IGF receptors, including IGF-1 and IGF-2, which are essential for maintaining bone mass. These potent anabolic peptides promote formation in bone modelling.^[@bibr23-2046-3758.610.BJR-2017-0113.R1]^ The synthesis of IGF-1 by osteoblasts is under the control of growth hormones and a deficiency of the growth hormone (GH)/IGF axis contributes to the development of low bone mass.^[@bibr24-2046-3758.610.BJR-2017-0113.R1]^ Our meQTLs-based gene set enrichment analysis reported significant associations between this gene set and the femoral neck and lumbar spine BMD. We also identified significant associations between Reactome GH receptor signalling and BMD in both the femoral neck and the lumbar spine, suggesting that genetically controlled methylation of the GH/IGF axis may play a critical role in bone metabolism.

In our study, however, none of the previously mentioned gene sets reached significance in the forearm, which may be because of the relatively small sample size of this area in our study, or may be due to the tissue specificity in that region. Despite these factors, there were still pathways that achieved significance in all three regions, few of which have been reported before. For example, our eQTLs-based analysis found YTTCCNNNGGAMR, consisting of 52 genes located in the promoter regions, which has not previously been associated with BMD in any of the three regions that we have studied. To the best of our knowledge, the common motif within the gene sets does not match any known transcription factor. These findings could help in subsequent functional studies of BMD.

The main purpose of this study was to demonstrate that SNPs identified by GWAS exert their effects on phenotypes mainly or partly by influencing the gene expression (GE) and by methylation.^[@bibr8-2046-3758.610.BJR-2017-0113.R1],[@bibr9-2046-3758.610.BJR-2017-0113.R1]^ These regulatory genetic variants, located in non-coding areas or regions, have often been neglected in biological and functional analysis. Our integration analysis took advantage of both pathway strategies and eQTLs and meQTLs results, which should allow for better anticipation of such variants. Our analysed framework does not require individual-level genotype data and can be applied to other open access large-scale GWAS summary data sets. Our study employed classic GSEA to conduct enrichment analysis, as described by Maciejewski.^[@bibr25-2046-3758.610.BJR-2017-0113.R1]^ GSEA, which is a preferable tool for gene set association analysis, produces biologically interpretable p-values and generally performs well.^[@bibr25-2046-3758.610.BJR-2017-0113.R1]^ Additionally, the GSEA statistic was employed in our study as it is one of the most popular choices for pathway association analysis,^5,6,26-28^ although other proper enrichment algorithms can be used.^[@bibr29-2046-3758.610.BJR-2017-0113.R1]^

There are limitations to our study. First, both the eQTLs and meQTLs data are based on blood samples, and as such may lose power for eQTLs/meQTLs analysis, especially when considering tissue-specific effects. Further high-quality eQTL and meQTL mapping studies will be required for more accurate analysis. Second, a standard SMR analysis incorporates a heterogeneity in dependent instruments (HEIDI) test to distinguish linkage from causal/pleiotropy association. However, such processes were evaluated to decrease the overall number of enrolled genes. As this may decrease the power of subsequent pathway analysis, these processes were not used in our study. The meQTL data were only employed as a filter, which may have less power compared with SMR strategy. SMR-based meQTL analysis, as well as other forms of *a priori* information, may also suit the framework of Mendelian randomisation and hence warrant further investigation.

In conclusion, we have identified a number of candidate gene sets for BMD through integrating the GWAS, eQTLs and meQTLs summary data sets. Our results have provided novel clues for subsequent functional analysis and our study has illustrated the integration of eQTLs and meQTLs data into pathway association analysis for genetic studies of complex human diseases.
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Further information regarding methods and tables showing eQTLs-based and meQTLs-based gene set enrichment analysis results is available alongside this article online at [www.bjr.boneandjoint.org.uk](http://www.bjr.boneandjoint.org.uk)
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